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Abstract The last decade has seen a rapid growth in the volume of online reviews.
A great deal of research has been done in the area of opinion mining, aiming at
analyzing the sentiments expressed in those reviews towards products and services.
Most of the such work focuses on mining opinions from a collection of reviews posted
during a particular period, and does not consider the change in sentiments when the
collection of reviews evolve over time. In this paper, we fill in this gap, and study
the problem of developing adaptive sentiment analysis models for online reviews.
Given the success of latent semantic modeling techniques, we propose two adaptive
methods to capture the evolving sentiments. As a case study, we also investigate the
possibility of using the extracted adaptive patterns for sales prediction. Our proposal
is evaluated on an IMDB dataset consisting of reviews of selected movies and
their box office revenues. Experimental results show that the adaptive methods can
capture sentiment changes arising from newly available reviews, which helps greatly
improve the prediction accuracy.
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1 Introduction

With the rapid advancement of Web 2.0 technologies, which facilitate people to
contribute rather than simply receive information, a large amount of review texts are
generated and become available online. These user-generated opinion-rich contents
are credible sources of knowledge that can not only help users make better judge-
ments but assist manufacturers of products in keeping track of customer sentiments.
In fact, online reviews have been shown to be second only to word-out-mouth in
a study that compares the factors influencing purchase decisions [31]. Therefore,
online reviews can be very valuable, as collectively such reviews reflect the “wisdom
of crowds” and can be a good indicator of a product’s future sales performance.
However, with tens and thousands of reviews being generated everyday on almost
everything, e.g., sellers, products, and services, at various websites such as CNet and
Epinions, it has become increasingly difficult for an individual to manually collect
and digest the reviews of his/her interest. As such, opinion mining has become an
active area of research in the past few years, and has produced some important
results.

The work presented in this paper falls into the domain of opinion mining, and
can be considered as an effort along the general direction of Wisdom Web of Things
(W2T). W2T has recently emerged as an important new data cycle to integrate social,
physical, and cyber worlds [39–41]. In contrast to most existing Web and ubiquitous
computing technologies, which are only limited to specific data or applications, A
W2T data cycle system is designed to perform a complete study “from things to
data, information, knowledge, wisdom, services, humans, and then back to things”.
Our work is closely related to W2T in that (1) opinion mining and online review
analysis are important applications of Web Intelligence, which is a major component
of intelligence in the hyper world [41]; and (2) we attempt to integrate people’s
opinions (in the social world), product sales (in the physical world), and computer
systems (in the cyber world) into an entity, which represents a direct application of
the W2T data cycle in the hyper world.

Some studies in opinion mining attempt to answer the question of whether the
polarity and the volume of reviews that are available online have a significant
effect on actual customer purchasing [1, 8, 16, 17]. Various economic functions have
been utilized to examine the relationship between opinions discovered from product
reviews and revenue growth, stock trading volume change, as well as the bidding
price variation in commercial Websites, such as eBay [4, 11, 29]. In particular, Gruhl
et al. [16] show that the volume of relevant postings can help predict the sales ranking
of books on Amazon, especially the spikes in ranking. In contrast to the above
work which captures sentiments with explicit rating indication such as the number
of stars, there are also a few studies that attempt to exploit text mining strategies
for sentiment understanding. For example, Ghose and Ipeirotis [12, 13] demonstrate
that the reviews can have an impact on sales performance, and review texts contain
rich information that cannot be easily captured using numerical ratings. Liu et al.
[23] study the important problem of utilizing the extracted sentiment patterns for
predicting future product sales. They observe that simply classifying reviews as
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positive or negative, as most current sentiment-mining approaches are designed for,
does not provide a comprehensive explanation of the sentiments reflected in reviews.
Therefore, they propose a probabilistic model called Sentiment PLSA (S-PLSA for
short) based on the assumption that sentiment consists of multiple hidden aspects.

It is worth noting that the sentiments toward a product or service may evolve over
time. For example, the service of a hotel can improve or degrade over time, and
a product may improve its features and functionalities with upgrades. Such changes
may be reflected in newly available reviews. Accordingly, a sentiment analysis system
must adjust itself and capture the changes effectively. Unfortunately, most of the
previous work fails to address this issue, focusing only on analyzing the sentiments
during a particular period in a batch fashion. In this paper, we fill in this gap, and in-
vestigate the important problem of constructing adaptive sentiment analysis
models.

Given the success of latent semantic modeling in opinion mining, we propose
two adaptive methods, both of which extend the S-PLSA model by automatically
adjusting the sentiment system when new reviews become available. To improve the
efficiency of building/maintaining the S-PLSA models, we develop two algorithms
to update the model parameters without invoking overhaul re-construction. First,
we notice that if the number of reviews that the model is built on is sufficiently
large, the addition of a new review is unlikely to have significant influence on
parameter estimation. Therefore, when a new review becomes available, it is possible
to update the parameters incrementally (albeit approximately) without invoking
reconstruction of the model. Based on this observation, we develop our first method,
which can be considered as a simplified method for parameter estimation in the
EM algorithm. This method provides light-weight parameter estimation, and can
be applied when efficiency is of major concern. In contrast, the second method we
propose takes a Bayesian approach. It is motivated by the principle of quasi-Bayesian
(QB) estimation, which has found successful applications in various domains such
as adaptive speech recognition and text retrieval [6]. One salient feature of this
modeling is the judicious use of hyperparameters, which can be recursively updated
in order to obtain up-to-date posterior distributions and to estimate new model para-
meters. With its solid statistical foundation, we expect the second method to provide
more accurate estimation of the parameters than the first one, making it a better
choice when accuracy is more important.

Since our objective of conducting sentiment analysis is to analyze reviews and
distill useful knowledge that could be of economic value, we also investigate the
relationship between sentiments and sales performance. To this end, we use a model
called ARSA (which stands for Auto-Regressive Sentiment-Aware) to quantitatively
measure this connection [23], and opt to implement our methods to predict future
box office revenues in the movie domain. We design measures to preprocess the
time series of box office revenues, and show that the methods proposed can be
extended to many other domains. We also experimentally evaluate each of the
S-PLSA based adaptive learning methods, and study how they fare against other
possible alternatives.

The rest of the paper is organized as follows. In Section 2, we provide a review
of related work. In Section 3, we start with presenting the algorithm of S-PLSA for
sentiment analysis. In Section 4, we describe the general framework for adaptive sen-
timent analysis of reviews, and elaborate the two proposed methods. We introduce
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our method of using the proposed models for product sales prediction in the movie
domain in Section 5, and report the experimental results on a movie review dataset
in Section 6. Section 7 concludes this paper.

2 Related work

To the best of our knowledge, few study has addressed the problem of developing
adaptive sentiment analysis models. But there are several lines of related work which
we will review in this section.

2.1 Sentiment mining

With more and more users becoming comfortable with the Web, a large number
of people are writing reviews online. Consequently, the number of reviews grows
rapidly. When trying to locate information on a product, a general Web search would
retrieve a large collection of documents; however getting an overall sense of the
reviews can be daunting and time-consuming. To solve these problems, recent years
have seen a growing interest in sentiment mining, whose objective is to find opinions,
feelings, and attitude expressed in text, rather than facts. In the literature, sentiment
mining also goes under various names, such as opinion mining [7, 15, 24], sentiment
analysis [25, 26, 35], etc. Its related work may come from both computer science
and linguistics, and its immediate applications may involve data mining, market
intelligence, and customer relationship management.

The task of sentiment analysis can be roughly divided into three sub-categories:
determining subjectivity [34, 36, 37], determining orientation, and determining the
strength of orientation [33, 35], and most of the studies focus on investigating the
sentiment orientation of words, phrases, and documents. Sentiment classification is
usually defined as the problem of binary classification of a document or a sentence.
In some recent work, Kamps and Marx [20] tried to evaluate the semantic distance
from a word to good/bad with WordNet. They first defined a graph on the adjectives
appeared in both the WordNet and the target term list. If two adjectives in WordNet
display a synonymy relation, a link will be added between them. In turn, the semantic
orientation of a word w is decided by its relative distance to good and bad. Pang
et al. [28] employed three machine learning approaches (Naive Bayes, Maximum
Entropy, and Support Vector Machine) to label the polarity of IMDB movie reviews.
They represented reviews in several formats, where the unigram representation was
the simplest but the most successful one. In addition, the Support Vector Machines
yielded the best result among three classifiers in their experiments. Aside from
the explicit two-class classification problem, Pang and Lee [27] and Zhang and
Varadarajan [38] tended to determine the author’s opinion with different rating
scales (i.e., the number of stars). Further, a metric labeling approach was designed to
compare with both multi-class and regression versions of Support Vector Machines.
Liu et al. [21] built a framework to compare consumer opinions of competing
products using multiple feature dimensions. After deducting supervised rules from
product reviews, the strength and weakness of the product were visualized with an
Opinion Observer. Snyder and Barzilay [32] improved aspect level rating prediction
by modeling the dependent relation between various aspects. Observing that simply
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classifying reviews as being positive or negative, as most of the previous work
is designed for, does not provide a comprehensive understanding of sentiments
reflected, Liu et al. [23] assumed that sentiment consists of multiple hidden aspects,
and used a probability model to quantitatively measure the relationship between
sentiment aspects and reviews.

2.2 Applications in business intelligence

Academics have recognized the impact of online reviews on business intelligence,
and have produced some important results in this area. Among them, some studies
attempt to answer the question of whether the polarity and the volume of reviews
available online have a measurable and significant effect on actual customer pur-
chasing [1, 5, 9, 11, 16, 17, 29, 42]. To this end, most studies use some form of hedonic
regression [30] to analyze the significance of different features to certain function
(e.g., measuring the utility to the the consumer). Various economic functions have
been utilized in the field of examining revenue growth, stock trading volume change,
as well as the bidding price variation in commercial Websites, such as Amazon
and eBay. In most of the studies cited above, the review sentiment was captured
by explicit rating indication such as the number of stars, but only a few studies
attempted to exploit text mining strategies for sentiment classification. To fill in this
gap, Ghose and Ipeirotis [12] claimed that review texts contain richer information
that cannot be easily captured using simple numerical ratings. In their study, they
assigned a “dollar value” to a collection of adjective-noun pairs, as well as adverb-
verb pairs, and investigated how they affect the bidding prices of various products at
Amazon.

2.3 Adaptive probabilistic latent semantic modeling

Latent semantic modeling has become very popular as a completely unsupervised
technique for topic discovery in large documents. These models, such as PLSA [18]
and LDA [3], exploit co-occurrence patterns of words in documents to understand
semantically meaningful probabilistic clusters of words. These models assign a proba-
bilistic membership to documents in the latent topic space, assisting us for viewing
and processing the data in a lower-dimensional space. PLSA was shown to be a spe-
cial variant of LDA with a uniform Dirichlet prior in a maximum a posterior model
[14], and has been successfully applied to content-based recommendation and col-
laborative filtering [2, 19, 22]. However, one limitation of the model is its incapacity
of adapting itself as new data become available, and the problem will get worse when
the data arrive in a stream. This is due to the fact that the PLSA model is estimated
only for documents that appear in the training set, and re-training model using both
existing training data and new data from scratch is highly inefficient. Motivated by
the idea of quasi-Bayes estimate, Chien and Wu [6] propose an incremental learning
method to estimate the model parameters by maximizing an approximate posterior
distribution, and expect that such an approach can effectively absorb the domain
knowledge from the newly arrived data. Here, we adapt their methodology in one of
our two adaptive models, and explore the possibility of developing adaptive models
for predicting product sales using sentiments that dynamically change as new online
reviews come in.
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3 S-PLSA

Many existing models and algorithms for sentiment mining are developed for the
binary classification problem, i.e., to classify the sentiment of a review as positive
or negative. However, a common deficiency of the work is that the proposed
approaches usually attempt to extract only the overall sentiments of a review, but
can not distinguish different aspects within a sentiment, such as polarity, orientation,
graduation, etc. Meanwhile, a general classification of good or bad is not very
informative to the reader, who always seeks to dig into different facets and explore
more detailed opinions. All these concerns call for a model that can have a more
in-depth analysis of the multi-facets nature of review sentiments.

To this end, Liu et al. [23] propose the S-PLSA model, in which a review can be
considered as being generated under the influence of a number of hidden sentiment
factors. Inspired by the PLSA model [18, 19], the use of hidden factors in S-PLSA
provides the ability to accommodate the intricate nature of sentiments, with each
hidden factor focusing on one specific aspect. What differentiates S-PLSA from
conventional PLSA is its use of a set of appraisal words [35] as the basis for feature
representation. In order to represent a given review as an input, S-PLSA computes
the (relative) frequencies of various words in a review and use the resulting multidi-
mensional feature vector as the representation of the document. In particular, instead
of adopting the frequencies of all words appearing in reviews, the model focuses on
the set of appraisal words extracted from an appraisal lexicon [35]. The rationale is
that those appraisal words, such as “good” or “terrible”, are more indicative of the
review’s sentiments than other words. As a concrete example of appraisal words, the
lexical entry for the appraisal word beautiful can be described as follows:

beautiful
Attitude: appreciation/reaction-quality
Orientation: positive
Force: neutral
Focus: neutral
Polarity: unmarked

where the adjective is fully described with four types of attributes. In this context,
the attitude of an appraisal word provides the appraisal expressed as either af fect,
appreciation, or judgment. Orientation describes whether the appraisal is positive or
negative. Graduation presents the intensity of appraisal wrt. two independent folds
of force and focus. Finally, polarity is marked if it is confined with a polarity marker
(such as ‘not’), or unmarked otherwise [35].

Now we formally describe the use of S-PLSA to extract the hidden sentiments of
reivews. For a given set of N reviews D = {d1, . . . , dN}, and the set of M appraisal
words W = {w1, . . . , wM}, the S-PLSA model dictates that the joint probability of
observed pair (di, w j) is generated by

P(di, w j) = P(di)

K∑

k=1

P(w j|zk)P(zk|di), (1)

where zk ∈ Z = {z1, . . . , zK} corresponds to the latent sentiment factor, and where
we assume that di and w j are independent conditioned on the mixture of as-
sociated sentiment factor zk. The set of parameters θ of this model consist of
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{P(w j|zk), P(zk|di)}, where
∑M

j=1 P(w j|zk) = 1 and
∑K

k=1 P(zk|di) = 1, and there
totally exist KM + KN probabilities in θ . If we consider the number c(di, w j) of
word w j occurring in document d j and accumulate the log likelihood of training data
X = {di, w j} using θ , then

log P(X|θ) =
n∑

i=1

M∑

j=1

c(di, w j) log P(di, w j). (2)

S-PLSA parameter set θ thus can be found by maximizing the accumulated log
likelihood

θML = arg max
θ

log P(X|θ). (3)

As the hidden parameter zk is embedded in the above function, the expectation-
maximization (EM) algorithm [18, 19] can be adopted to estimate the probabilities.

The use of EM algorithm in this work involves an iterative process with two
alternating steps:

1. An expectation step (E-step), where posterior probabilities for the latent vari-
ables (in our case, the variable zk) are computed, based on the current estimates
of the parameters;

2. A maximization step (M-step), where estimates for the parameters are updated
to maximize the complete data likelihood.

After proper initialization of the parameters including P(zk), P(w|zk), and P(d|zk),
the algorithm alternates between the following two steps before a local optimal
solution is reached.

– in E-step, we compute

P(zk|d, w) = P(zk)P(d|zk)P(w|zk)∑
z′

k∈Z P
(
z′

k

)
P

(
d|z′

k

)
P

(
w|z′

k

) ;

– in M-step, we update the model parameters with

P(w|zk) =
∑

d∈D c(d, w)P(zk|d, w)∑
d∈D

∑
w′∈W c(d, w′)P(zk|d, w′)

,

P(d|zk) =
∑

w∈W c(d, w)P(zk|d, w)∑
d′∈D

∑
w∈W c(d′, w)P(zk|d′, w)

,

and

P(zk) =
∑

d∈D
∑

w∈W c(d, w)P(zk|d, w)∑
d∈D

∑
w∈W c(d, w)

.

Once the model is constructed, we can calculate the posterior probability P(zk|d)

using the Bayes rule:

P(zk|d) = P(d|zk)P(zk)∑
zk∈Z P(d|zk)P(zk)

.
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Here P(zk|d) can be interpreted as how much a hidden sentiment factor zk(∈ Z)

“contributes” to the review document d, and probabilities {P(zk|d)|zk ∈ Z} can be
considered as a summarization of d in terms of sentiments.

4 Adaptive sentiment analysis models

To make a sentiment analysis model adaptive to changes as new reviews become
available, a naïve way is to re-train the model from scratch using all data available
including the newly obtained data. This has two drawbacks: (i) it is clearly highly
inefficient, especially when the data volume is high; and (ii) the out-of-date reviews
from a long time ago and not relevant anymore may actually harm the performance
of the model if they are included in training. An alternative solution is to develop
a method that only takes the newly available data into consideration and discards
all old data. This approach, however, may suffer from the problem of not having
sufficient amount of training samples, as it is very likely that only a few reviews are
written within a short period of time. Also, discarding the old data in its entirety may
be unwise, because knowledge obtained from those data (which is reflected in the
model parameters) is lost.

We propose two methods based on S-PLSA, denoted S-PLSA∗ and S-PLSA+

respectively. Both of them conduct adaptive sentiment analysis by automatically ad-
justing model parameters over time without incurring too much computational cost.

4.1 Light-weight incremental model

When the characteristics of the underlying data are relatively stable and do not
evolve significantly over time, it is possible to train the S-PLSA model in a batch
manner on a collection of reviews, and apply the trained model on unseen reviews
encountered in the future. As described in Section 3, the process of learning parame-
ters in a S-PLSA model is divided into two steps: the E-step estimates the objective
function P(zk|d, w) for each document-word pair in the training data, and the M-step
updates unknown parameters P(zk), P(w|zk), and P(d|zk) for each latent sentiment
factor. From the M-step equations in Section 3, we notice that if the number of docu-
ments N is sufficiently large, the addition of a new document is unlikely to have sig-
nificant influence on parameter estimation. Therefore, when a new review document
v becomes available, it is possible to update the parameters incrementally (though
approximately) without invoking a reconstruction of the model, and the parameter
values thus obtained are expected to be close to those obtained by re-training the
model from scratch. Based on this observation, we develop an adaptive method
called S-PLSA∗, which can be considered as a simplified method for parameter
estimation in the EM algorithm.

S-PLSA∗ works as follows. When a new document v becomes available, we first
calculate P(zk|v, w) for latent sentiment factor zk under the existing models. Then,
the model parameters P(zk), P(w|zk), and P(d|zk) are incrementally updated as
illustrated in Algorithm 1. The computation in S-PLSA∗ involves only the new data
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and the current parameters in the model. It does not require any iteration, and
is independent of the old data. Therefore, it consumes very little time and space,
and is orders of magnitude faster than overhaul re-training on the whole collection
of data.

In Algorithm 1, the update of the objective function is described in lines 1–3, and
parameter re-estimation is presented from line 4 to line 12.

Compared with the original method for parameter estimation, where
P(w|zk) =

∑
d∈D c(d,w)P(zk|d,w)∑

d∈D
∑

w′∈W c(d,w′)P(zk|d,w′) , P(d|zk) =
∑

w∈W c(d,w)P(zk|d,w)∑
d′∈D

∑
w∈W c(d′,w)P(zk|d′,w)

, and

P(zk) =
∑

d∈D
∑

w∈W c(d,w)P(zk|d,w)∑
d∈D

∑
w∈W c(d,w)

, the set of updating equations in Algorithm 1
reflect the changes of weights in each component when a new review becomes
available.

As described in [18], the time complexity of the standard PLSA is O(K × N) per
iteration in EM, where K is the number of categories and N is the number of term-
document co-occurrences. In the worst case, N is equal to M × (m + n) where M
is the total number of sentiment words, while m and n are the total numbers of
reviews in the training dataset and the testing dataset, respectively. Assuming that
it takes I iterations for the EM algorithm to converge, the total cost is O(I(K × N)).
In real applications, where M, m, and n are usually large, it may take very long for
the algorithm to converge.

In contrast, S-PLSA∗ overcomes this obstacle by executing only one iteration, and
the overall complexity therefore comes down to O(K × N). Moreover, observing
Algorithm 1, we notice that if we maintains a record of the values of every P(zk|v, w),
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P(w|zk), P(d|zk), and P(zk) in the model, only the new probabilities have to be
computed in the current re-estimation. In this way, the runtime cost can be further
reduced to O(K × L), where L is the number of new reviews.

4.2 Quasi-Bayesian model

Although highly efficient, the S-PLSA∗ method proposed in Section 4.1 may degrade
in accuracy over time, as the errors incurred by the approximation may accumulate
as more and more reviews are added. Moreover, this method does not retire or
reduce the influence of the out-dated (and thus maybe irrelevant) reviews, which may
further affect the quality of the model. We thus hope to develop a more sophisticated
method that could mitigate those problems. The basic idea is to perform update
using the newly available reviews and fade away the out-dated data at the same
time by:

1. incrementally accumulating statistics on the training data, and
2. fading out the out-of-date data.

In this section, we propose S-PLSA+, which applies the quasi-Bayesian incremental
learning method proposed in [6].

Let Dn be the set of reviews made available at epoch n (e.g., the reviews published
on a certain day, but the time unit used can be set to be finer or coarser based
on the need), and denote by χn = {D1, . . . ,Dn} the set of reviews obtained up
to epoch n. In order to support parameter update based on the new data, we
take a Bayesian approach and perform maximum a posteriori (MAP) estimation
instead of maximum-likelihood estimation as stated in Section 3. The MAP estimates
for S-PLSA+at epoch n are determined by maximizing the posterior probability
using χn:

θ(n) = arg max
θ

P
(
θ |χn) = arg max

θ
P(Dn|θ)P

(
θ |χn−1) (4)

The learning (i.e., update of parameters) is expected to be done repeatedly at
different epochs.

In order to allow closed-form recursive update of θ , we use the closest tractable
parametric prior distribution g(θ |φ(n−1)) with sufficient statistics to approximate the
posterior distribution P(θ |χn−1), where φn−1 is evolved from review sets χn−1. This
leads to

θ(n) ≈ arg max
θ

P(Dn|θ)g
(
θ |φ(n−1)

)
. (5)

Note that at epoch n, only the new reviews Dn and the current statistics φ(n−1) are
used to update the S-PLSA+ parameters, and the set of reviews Dn are discarded
after new parameter values φ(n) are obtained, which results in significant savings in
computational resources.
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The particular choice of the prior g(θ |φ) in our model is the Dirichlet distribution,
which can be expressed by

g(θ |φ) =
K∏

k=1

⎡

⎣
M∏

j=1

P(w j|zk)
α j,k−1

N∏

i=1

P(zk|di)
βk,i−1

⎤

⎦ (6)

where φ = {α j,k, βk,i} are the hyperparameters of the Dirichlet distribution. This
choice of conjugate prior allows for a closed-form solution for fast model adaptation.

Assuming for the moment that φ(n−1) is known, we can show that θ(n) can be
obtained through an EM algorithm [6], and θ(n) can be obtained by

P̂(n)
(
w

(n)

j |zk

)
=

N∑

i=1

c
(

d(n)

i , w
(n)

j

)
P

(
zk|d(n)

i , w
(n)

j

)
+

(
α

(n−1)

j,k − 1
)

M∑

m=1

[
N∑

i=1

c
(

d(n)

i , w(n)
m

)
P

(
zk|d(n)

i , w(n)
m

)
+

(
α

(n−1)

j,m − 1
)] (7)

P̂(n)
(

zk|d(n)

i

)
=

M∑

j=1

c
(

d(n)

i , w
(n)

j

)
P

(
z|d(n)

i , w
(n)

j

)
+

(
β

(n−1)

k,i − 1
)

c
(

d(n)

i

)
+

K∑

l=1

(
β

(n−1)

l,i − 1
) . (8)

A major benefit of S-PLSA+ lies in its ability to continuously update the hyperpara-
meters. We can show that the new hyperparameters are given by

α
(n)

j,k =
|Dn|∑

i=1

c
(

d(n)

i , w
(n)

j

)
P(n)

(
zk|d(n)

i , w
(n)

j

)
+ α

(n−1)

j,k (9)

β
(n)

k,i =
M∑

j=1

c
(

d(n)

i , w
(n)

j

)
P(n)

(
zk|d(n)

i , w
(n)

j

)
+ β

(n−1)

k,i . (10)

where the posterior P(n)(zk|d(n)

i , w
(n)

j ) is computed using Dn and the current parame-

ters θ(n), and c(d(n)

i , w
(n)

j ) denotes the number of (d(n)

i , w
(n)

j ) pairs.
To summarize, S-PLSA+ works as follows. In the startup phase, initial estimates

of the hyperparameters φ(0) are obtained. Then, at each learning epoch n, (i) new
estimates of the parameters θ(n) are computed based on the newly available data
Dn and hyperparameters obtained from epoch n − 1; and (ii) new estimates of the
hyperparameters φ(n) are obtained using (9) and (10). In this way, the model is
continuously updated when new reviews (Dn) become available, and at the same
time fades out historical data χn−1, with the information contained in χn−1 already
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captured by φ(n−1). The implementation procedure for parameter update at each
epoch n is shown in Algorithm 2.

5 Application to sales prediction

The proposed adaptive models can be employed in a variety of tasks to reflect the
sentiment changes as time evolves, e.g., sentiment clustering, sentiment classification,
etc. As a sample application, we plug it into the ARSA model proposed in [23], and
then use it to predict sales performance based on reviews and past sales figures.

5.1 Autoregressive sentiment aware model

The ARSA model [23] aims to capture two different factors that can help predict
the current product sales. One factor is the revenues from the preceding period.
Naturally, the sales performance of the current period is strongly related to that
of the immediately preceding period. The other factor we consider is people’s
sentiments about the product, reflected in online reviews.

In ARSA, the temporal relationship between the product sales of the preceding
periods (say, days) and the current period (day) is modeled by an autoregressive
(AR) process. An AR model is a linear model that aims at predicting an output yn of
a system based on previous outputs (yn−1, yn−2, . . . ) and inputs (xn, xn−1, xn−2, . . .).
Let the sales of the product at day t be xt (t = 1, 2, . . . , N where t = 1 and t = N
correspond to the first and last day of interest), and {xt}(t = 1, . . . , N) denote the
time series x1, x2, . . . , xN . Then an AR process of order p can be formulated as

xt =
p∑

i=1

φixt−i + εt, (11)

where φ1, φ2, . . . , φp are model parameters, and εt is an error term (white noise with
zero mean).

In ARSA, this model is further extended to take sentiments into consideration,
because the product sales might be greatly influenced by people’s sentiments in the
same time period.
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Let Dt be the set of reviews on the product of interest that were posted on day
t, and p(z = j|d)(d ∈ Dt) be the probability of sentiment factor z = j conditional on
review d according to the S-PLSA model. The ARSA model is formulated as follows.

yt =
p∑

i=1

ϕi yt−i +
q∑

i=1

R∑

j=1

ρi, jωt−i, j + εt, (12)

where

1. yt denotes the sales figure at time t after proper pre-processing such as de-
seasoning,

2. p, q, and R are user-chosen parameters,
3. ϕi and ρi, j are coefficients to be estimated using training data, and
4. ωt, j = 1

|Dt |
∑

d∈Dt
p(z j|d), where Dt is the set of reviews available at time t and

p(z j|d) is computed based on S-PLSA+ or S-PLSA∗. Intuitively, ωt, j represents
the average fraction of the sentiment that can be attributed to the hidden
sentiment factor j within Dt.

As such, the ARSA model not only considers the influence of past product sales,
but also takes into account the sentiment information distilled from the reviews.

The set of parameters to be learned in ARSA include φi(i = 1, . . . , p), and ρi, j(i =
1, . . . , q; j = 1, . . . , K), and ωt, j. Parameter estimation can be done through linear
least squares fitting when p and q are fixed.

Let αm,t = (ym,t−1, . . . , ym,t−p, ωm,t−1,1, . . . , ωm,t−q,k)
T , where the subscript m (1 ≤

m ≤ M, M is the number of distinct products) is used to refer to a particular product,
and ym,t corresponds the sales quantity for product m at time t. Then (12) can be
rewritten as

αT
m,tθ = ym,t.

Let A = (α1,1,α1,2, . . .)
T , and c = (y1,1, y1,2, . . .). Then based on the training data,

we seek to find a solution θ̂ for the “equation”

Aθ ≈ c.

Apparently, this is a least squares regression problem that be solved using standard
techniques in mathematics.

Note that the notion of time (t) in the ARSA model is different from the epoch
(n) in S-PLSA+ and S-PLSA∗. For example, sales prediction can be made for each
day using ARSA, whereas the model adaptation of S-PLSA+ can happen every
other day.

5.2 Implementation issues

It is important to note that AR models are only appropriate for time series that are
stationary, which can hardly be true in practice. For example, retail sales tend to peak
for the Christmas season and then decline after the holidays. Thus, time series of
retail sales will typically show an increasing trend from September to December and
a declining trend from January to February. In addition, a newly released product
tends to garner more attention before or close to its release date due to various
reasons, such as aggressive marketing, unique features, or being controversial. This
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may temporally boost the product’s sales performance for a short period of time.
But as time goes by, the discussion over this product is likely to fade out. Therefore,
to accurately predict the future product sales, it is necessary to take those trends or
“seasonalities” into consideration.

As a case study, we investigate the important problem of predicting future box
office revenues in the movie sector. The choice of using movies rather than other
products in our study is mainly due to data availability. The daily box office revenue
data are all published on the Web and readily available, unlike other product sales
data that are often private to their respective companies due to obvious reasons.
Also, as discussed by Liu et al. [21], analyzing movie reviews is one of the most
challenging tasks in sentiment mining. We expect the models and algorithms devel-
oped for box office prediction to be easily adapted to handle other types of products
that are subject to online discussions, such as books, music CDs and electronics.
Apparently, for box office prediction, the time series {xt} in (11) are not stationary,
because there normally exist clear trends and “seasonalities” in the series. Based
on observations in [23], there is a negative exponential downward trend for the box
office revenues as the time moves further from the release date. Seasonality is also
present, as within each week, the box office revenues always peak at the weekend
and are generally lower during weekdays. Therefore, in order to properly model the
time series {xt}, some preprocessing steps are required.

The first step is to remove the trend. This is achieved by first transforming the
time series {xt} into the logarithmic domain, and then differencing the resulting time
series {xt}. The new time series obtained is thus

x′
t = � log xt = log xt − log xt−1.

We then proceed to remove the seasonality [10]. To this end, we apply the lag
operator on {x′

t} and obtain a new time series {yt} as follows:

yt = x′
t − L7x′t = x′

t − x′
t−7.

By computing the difference between the box office revenue of a particular date and
that of seven days ago (the lag is seven days), we effectively removed the seasonality
factor due to different days of a week. After the preprocessing step, a new AR model
can be formed on the resulting time series {yt}:

yt =
p∑

i=1

φi yt−i + εt. (13)

After that, yt derived from (13) can be plugged into (12) to estimate the temporal
relationship between the future product sales and those of the preceding days.

Besides, it is worth noting that although the AR model developed here is specific
for movies, the same methodology can be applied in other contexts. For example,
trends and seasonalities are present in the sales performance of many different
products (such as electronics and music CDs, where the corresponding spans of the
lag can be a month or a year). Therefore the preprocessing steps described above to
remove them can be adapted and used in the predicting the sales performance.
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6 Experiments

Experiments are conducted on an IMDB dataset to evaluate the effectiveness of
the proposed adaptive models, and the prediction power of ARSA using these
methods. We first describe the dataset used in the experiments, and then present
the experimental results.

6.1 Data description

The dataset was obtained from the IMDB Website1 and have two parts. Part 1,
denoted by IMDB-REVIEW, consists of 28,353 reviews for 20 drama films released
in the US from 1 May 2006 to 1 September 2006, and Part 2, denoted by IMDB-
BO, contains the daily gross box office revenues of those films. For each review, we
extracted the title, free text contents, time stamp, etc., and then indexed them using
Apache Lucene.2 We used the MATLAB environment to program the proposed
methods, and the experiments were performed on a SUN Sun Fire V440 Server with
a 1.3 GHz UltraSparc 3i Processor, and 16GB RAM.

6.2 Perplexity evaluation

We first evaluate the effectiveness of the proposed adaptive models by computing
their perplexity on the IMDB-REVIEW dataset. Perplexity is a commonly used
measure of goodness for statistical language models. It is defined as the inverse of
the probability of the test set as assigned by the language model, normalized by the
number of words. Roughly speaking, it corresponds to the weighted average word
branching factor of a language model. Lower perplexity indicates better modeling
capability of the model on the given corpus (dataset).

In the PLSA-based models, there are several user-chosen parameters that provide
the flexibility to fine tune the model for optimal performance. One of those parame-
ters is the number of hidden sentiment factors, K. In order to study how K affects
the prediction accuracy, we conducted empirical studies by varying its values from
2 to 15. Our results indicate that the best performance is achieved at K = 4 with
our movie data. Hence, we set the number of latent factors in the original PLSA
model and the adaptive models to 4, and compared their perplexities. As discussed
in preceding sections, only appraisal words are employed to construct the feature
vectors used in those models.

We first use the reviews from IMDB-REVIEW that correspond to 10 randomly
chosen films to train an S-PLSA model. This model is then adapted using the
S-PLSA+ in four epochs, with one-fourth of the remaining reviews used as adap-
tation reviews at each epoch. For S-PLSA∗, we use the same reviews at each epoch
as those for S-PLSA+ to adapt the model accordingly. In particular, we set epochs on
d = (5, 10, 15, 20) with reviews available upto day d for both S-PLSA∗ and S-PLSA+.
In addition, for the original S-PLSA model, we perform parameter estimation for
all the reviews made available at each epoch i = (1, 2, 3, 4). We perform 10-fold
validation over training and adaptation sets.

1http://www.imdb.com
2http://lucene.apache.org

http://www.imdb.com
http://lucene.apache.org
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Figure 1 Perplexities for
S-PLSA, S-PLSA∗, and
S-PLSA+ at different epochs.
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Figure 1 shows the perplexities of the original S-PLSA model and the adaptive
models at different adaptation epochs with the number of latent factors K = 4.
It is apparent from the graph that the perplexities are consistently reduced with
incremental model adaptation as more adaptation data are introduced at each epoch.
This testifies to the fact that model adaptation does help the sentiment modeling of
the reviews.

6.3 Efficiency evaluation

In this section, we measure the construction time of the S-PLSA∗ and S-PLSA+

models as we vary the size of the data sets accumulated at different epoches, and
compare the results with that of reconstructing a S-PLSA every time from scratch.
Similar to the experiment described in Section 6.2, we use the same reviews for
both S-PLSA∗ and S-PLSA+ at each epoch. In addition, we set epoches on d =
(5, 10, 15, 20) with reviews available upto day d. For the original S-PLSA model,
we perform parameter estimation for all the reviews made available at each epoch
i = (1, 2, 3, 4), and the EM algorithm is run until a convergence threshold of 0.0001 is
reached. We record the elapsed time for each method at each epoch, and the results
are reported in Table 1.

Clearly, the proposed S-PLSA+ and S-PLSA∗ have an additional benefit of being
much faster because the methods do not require all parematers to converge, as is
usually needed by the EM algorithm. In addition, the light-weight adaptive method
S-PLSA∗ requires even less time, which justifies our analysis in Section 4.1.

Table 1 Comparison of
training/adapting time
(seconds).

Epoch 1 2 3 4

S-PLSA+ 2.16 2.14 2.29 2.31
S-PLSA∗ 0.114 0.128 0.117 0.156
S-PLSA 617.21 1287.68 2112.05 2598.34
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6.4 Effectiveness for sales prediction

The effectiveness of our adaptive methods for sales performance prediction is
evaluated by replacing the S-PLSA component in the original ARSA model. Like in
the previous perplexity experiments, reviews for half of the movies are used for batch
training. For the original ARSA, the trained model is then used to make predictions
in the testing data consisting of the other half the movies. For the proposed model,
adaptation of the S-PLSA∗ and S-PLSA+ components is performed for each movie
in the testing set, in four epochs on four different days d (d = 2, 4, 6, 8) using the
review data available up to day d. The up-to-date model at day d is then used for
subsequent prediction tasks.

The mean absolute percentage error (MAPE) is used to measure the prediction
accuracy:

MAPE = 1
T

T∑

i=1

(|Predi − Truei|/Truei), (14)

where T is the number of instances in the testing set, and Predi and Truei are the
predicted value and the true value respectively.

Figure 2 shows the MAPE of the original ARSA with S-PLSA, and the ARSA us-
ing S-PLSA∗ and S-PLSA+ updated at Epochs 1–4 (d = 2, 4, 6, 8). It is apparent from
the figure that accuracy of S-PLSA+ is superior to that of the other two approaches.
The accuracy of the model improves significantly as the it is getting updated in the
first two epochs, which demonstrates the benefits of having an incremental model
to absorb new information; especially in our case, S-PLSA+ allows the models to
be adapted to the individual movies. The rate of increase in accuracy get slower
from Epoch 2 through Epoch 4, indicating that no significant new information is
available from Epoch 2 to Epoch 4. The proposed model also outperforms the
S-PLSA∗ approach where a rough and quick re-estimation of system parameters is
completed at each epoch.
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Figure 2 The MAPE of ARSA with S-PLSA, S-PLSA∗, and S-PLSA+ at different epochs.
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6.5 Comparison with alternative methods

In the absence of prior work that deals with the problem of adaptive sentiment analy-
sis, we devise a few possible alternatives to our proposed methods as the baseline
for comparison.

Again, we adopt the ARSA model to compare the effectiveness of our proposed
models. Similar to the previous experiment in Section 6.4, the prediction perfor-
mance of the alternative method for sales prediction is obtained by replacing the
S-PLSA component in the ARSA model. However, in this experiment, we set epochs
on four different days d (d = 5, 10, 15, 20) using reviews available up to day d. Our
purpose of setting a longer period between two epochs is to examine the effectiveness
of two adaptation algorithms in the long run.

We have designed two strategies for comparison. First, to verify that the adaptive
sentiment information captured by the S-PLSA+ model plays an important role in
box office revenue prediction, we compare ARSA with adaptation to non-PLSA-
based method which do not take sentiment information into consideration. To this
end, we conduct experiments to compare ARSA against the pure autoregressive
(AR) model without any terms on sentiments, i.e., yt = ∑p

i=1 φi yt−i + εt.

We then compare the proposed methods with another alternative where the S-
PLSA component is completely re-trained from scratch using all data available
including the original training data. This represents a batch adaptation approach.
The results are shown in Figure 3.

It is clear that the proposed S-PLSA+ still enjoys the best performance compared
to the other three methods. Compared to the original S-PLSA model, the perfor-
mance of S-PLSA∗ degrades slowly. Nonetheless, its performance is still not compa-
rable to that of S-PLSA+ due to the approximate nature of this solution. If there is
no significant change in the review contents between epochs, this alternative method
may have a slower rate of performance degradation. S-PLSA+ even outperform the
re-training approach where the S-PLSA is completely retrained at each epoch. This
is due to the fact that some information in the original training set may be out-of-date

Figure 3 The MAPE of
ARSA with S-PLSA, ARSA
with S-PLSA++, and ARSA
with alternative adaptation
method at different epochs.
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and not as relevant as the newly available reviews that focus more on the individual
movies that we are making the prediction for. The proposed model can discount such
out-of-date and irrelevant information, whereas the re-training approach cannot.

7 Conclusions and future work

In this paper, we have presented two adaptive methods that are capable of incremen-
tally updating the parameters of the S-PLSA model when new review data become
available. They have been used in conjunction with the ARSA model for predicting
sales performance. Experimental results on a movie dataset show that by allowing
the model to be adaptive, we can capture new sentiment changes arising from newly
available reviews, which can greatly improve its modeling capability as well as the ac-
curacy when used for prediction. For future work, we plan to study the performance
of these models in other information retrieval and data mining tasks.
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